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Abstract
This paper presents the development of a new methodology for evaluation and
distribution of patent applications to the examiners at the Brazilian Patent Office
considering a specific technological field, represented by classification of the appli-
cation according to the International Patent Classification (IPC), and the variables
corresponding to the volume of data of the application and its complexity for the
examination process. After identifying the most relevant variables, such as the
Specific Areas of Expertise (ZAE) of the examiners, a mathematical model was
developed, including: (a) application of the principal component analysis (PCA)
method; (b) calculation of a General Complexity Ratio (IGC); (c) classification into
five classes (very light, light, moderate, heavy and very heavy) according to IGC
average ranges and standard deviations; (d) implementation of a logic of distribu-
tion, compensating very heavy applications with very light ones, and light applica-
tions with heavy ones; and (e) calculation of a Distribution Balancing Ratio (IBD),
considering the differences between the samples’medians. The model was validated
using a sample of patent applications including, in addition to the identified vari-
ables, the time for substantive examination by the examiner. Then, a correlation
analysis of the variables with time and a comparison of the classifications according
to the time and the IGC generated by the model were carried out. The results
obtained showed a high correlation of the IGC with time, above 80%, as well as
correct IGC classes in more than 80% of applications. The model proposed herein
suggests that the three main relevant variables are: total number of pages, total
number of claims, and total number of claim pages.
Keywords: Patents, Applications, Evaluation, Distribution, Volume data, IPC,
Examiner
1. Introduction
The granting of industrial property (IP) assets should be based on two central
and interrelated principles: quality and efficiency. An efficient system to ensure
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protection of IP rights is basically bound to the time taken to execute the granting
procedures, but also to the clarity and organization of the analysis performed during
the technical examination. On its turn, quality is usually bound to the standardiza-
tion and improvement of administrative proceedings, providing reliability and legal
certainty in decisions.
As to the granting procedures and time for granting industrial property rights,
the Brazilian National Institute of Industrial Property – INPI-BR has been using its
efforts to significantly reduce and adjust the granting time taken by the Institute to
the average of major international offices. Among its actions, we note the imple-
mentation of the so-called “backlog combat plan” announced still in 2019, which is
already in effect and expected to be in place until 2021 [1]. It is also worth
highlighting the results and efforts regarding the time taken by the Institute to
register trademarks, leading to the inclusion of INPI-BR among the signatories of
the Madrid Protocol [2].
Over the last decades, INPI-BR has been incorporating to its Strategic Plan
several initiatives related to the quality of its applications/registrations. The Strate-
gic Plan 2018-2021[3] provided for partnerships, cooperation agreements with
international offices, improvement of prioritized examination programs, imple-
mentation and review of patent examination guidelines, among other activities. As
to the technical cooperation initiatives, we note a recent strategic partnership
between INPI-BR and the European Patent Office – EPO that includes training,
discussion of best practices, sharing of tools, and exchange of patent databases [4].
It is important to highlight that there are studies [5–7] showing that changes in
the workload of examiners can affect the quality of the examination process and its
results, suggesting that a factor with high potential of causing instability in the
applications/registrations and discrepancies in the decisions of a patent office is the
unbalanced workload of patent examiners, i.e., an uneven distribution of patent
applications among them. Additionally, it is also relevant to highlight that a specific
study [8] using automatically data related to INPI-BR applications showed that the
volume of patent applications can be used as a measure of examiner’s workload, and
suggests that claim’s pages is probably a key workload indicator. Such facts become
even more relevant since INPI-BR currently does not apply a well defined applica-
tion distribution method, and the decision/responsibility for distribution is on
behalf of the team leaders, who are somewhat free to apply their own criteria.
Thus, due to the importance of the subject for INPI-BR itself, specifically for the
Patent Directorate of the Brazilian National Institute of Industrial Property –
DIRPA, and to the scarcity of studies on methods for analyzing and distributing
patent applications to the examiners, aiming at balancing the workload in an
optimized manner, the development of a method in this regard would be a great
contribution to the efficiency and quality of patent examination, being an impor-
tant element to fulfill the mission of international Intellectual Property offices in
general.
2. Patent document and the variables of interest to evaluate the
distribution
2.1 Basic structure of patent applications
The Brazilian Industrial Property Law (LPI) [9], in its chapter III – article 19,
defines that a patent application shall include: application; description; claims;
figures, if any; abstract; and proof of payment of the application fee. Therefore,
disregarding the abstract, which is usually limited to a single page, a patent
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application is basically composed of three major parts: description, patent claims,
and figures (whenever necessary). We note that these three main parts have spe-
cific shape and content characteristics that should be evaluated in more details.
2.1.1 Description
Regarding the description, article 24 of the LPI provides that: “The description
shall describe the object clearly and sufficiently, as to enable reproduction by an
expert, and indicate, when applicable, the best mode of execution.”.
Thus, the description includes the details of the applicant/inventor’s invention,
clearly explaining its practical implementation to third parties and a person skilled
in the art. Consequently, it is one of the most relevant parts of the patent application
and is expected to have more pages. Therefore, the number of pages of description
of a patent application is a variable relevant to its evaluation.
2.1.2 Claims
Regarding claims, article 25 of the LPI provides that: “The claims shall be based
on the description, describe the particularities of the application, and provide a clear
and accurate definition of the subject matter of the protection.”.
We note that, within a same patent claim’s section, the claims may be classified
as independent or dependent. Independent claims seek to protect essential and
specific technical characteristics of the invention as a whole, while dependent
claims are those that, while keeping the unity of invention, include all features of
other previous claim(s) and define details of these characteristics and/or additional
characteristics not deemed essential to the invention [10].
Therefore, according to the comprehensive content in the description, the claims
specify, on a more accurate basis, the object of protection, i.e., define the scope of
protection. In a recent study [11], the role of the characterizing term (the expres-
sion “characterized by”) in the patent documentation for delimitation of industrial
property rights is discussed in more details considering the history of the Brazilian
and international legal framework.
In this context, we note that both the extent of the claims (number of patent
claim pages) and the number of claims (total number of independent and depen-
dent claims) are highly relevant to the examination of a patent application.
2.1.3 Figures
As provided for in article 19 of the LPI, the submission of drawings/figures in the
patent application is optional. While the figures are not mandatory, we note that the
majority of applicants and inventors include them in the documentation submitted
for examination. Such fact points that figures are an important part of the patent
application, and one of the main reasons therefor is that they facilitate reading and
understanding of the subject matter under examination. Hence, the number of
figures pages can also be relevant when examining a patent application.
2.2 Cover sheet: bibliographic data of the patent documentation
Information included in patent documentation (including bibliographic data in
the cover sheet) is an important tool for technological research and development
[12]. It is important to note that information included in the cover sheet of a patent
document is identified by numeric codes, as the Internationally Agreed Numbers
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for the Identification of Data (INID), and its specific standards are defined by the
World Intellectual Property Organization – WIPO.
Among the bibliographic data included in the cover sheet, we highlight: appli-
cation number (21), number of the priority document, if any (31); filing date (22);
priority date, if any (32); date of publication (43); name of the inventor (72); name
of the holder of the rights on the patent (73); International Patent Classification
(51); title of the invention (54); and abstract (57). A detailed description of these
codes can be found in Appendix 1 of Standard ST.9 of the WIPO Handbook on
Industrial Property Information and Documentation [13].
In this context, it is important to highlight that, as we intend to obtain variables
relevant for evaluating and distributing patent applications for examination, among
these bibliographic data, we are only interested in those already available from the
filing until publication of the application, i.e., those that can be obtained before the
patent examination process. Thus, in a first analysis, we focus on the identification
numbers of the applications, filing date/year, inventors, priorities, and international
patent classification (IPC), provided that the latter will be addressed in further
details below.
2.3 International patent classification (IPC)
The IPC [14] allowed for standardization of documents from different countries
with different languages and technical expressions. Pursuant to WIPO, it has an
important role as it serves as: (i) an instrument for the orderly arrangement of
patent documents aiming to facilitate access to the technological and legal informa-
tion contained therein; (ii) a basis for selective dissemination of information to all
users of patent information as a reference and/or knowledge; (iii) a basis for inves-
tigating the state of the art in given fields of technology; (iv) a basis for the
preparation of industrial property statistics which in turn allows the assessment of
technological development in various areas [15].
The IPC is divided into eight sections (A, B, C, D, E, F, G, and H). The sections
are the highest levels of hierarchy of the classification. Each section is subdivided
into classes, representing the second hierarchical level of the classification. Each
class comprises one or more subclasses, indicating the third hierarchical level of the
classification. Each subclass is broken down into subdivisions, referred to as
“groups”, which are either main groups (fourth hierarchical level of the classifica-
tion) or subgroups (lower hierarchical levels dependent upon the main group level
of the classification). We present below an example classification of the electricity
area by using all hierarchical levels, from section to subgroup.
Example: H02M 7/48.
Where:
H Section (A, B, [… ], H): Electricity;
H02 Class (two digits): Energy Production, Conversion, or Distribution;
H02M Subclass (one letter): Apparatus for Conversion Between DC and AC;
H02M7 Main Group (one or more numeric digits): Conversion of AC power
input into DC power output;
H02M7/48 Subgroup – (at least two numeric digits): using discharge tubes with
control electrode or semiconductor devices with control electrode.
We highlight that the IPC is revised periodically based on meetings with experts
from WIPO member countries, and such revision is published and may be accessed
through INPI and WIPO websites. We further highlight that a patent document
may fall under more than one IPC symbol. This is due to the fact that it can have
claims in more than one category (device and method, for example), be related to
one or more areas of application, or even to specific functions.
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The study of Harloff and Wagner [16], based on EPO data for modeling the
examination time, defined that, among other factors that impact the complexity of a
patent application, the total number of claims and the number of IPC subclasses are
major direct variables of the application. Therefore, the number of IPC subclasses
is also a variable to be considered when evaluating a patent application to be
distributed.
2.4 Studies using variables of patent documentation
2.4.1 Miscellaneous studies
As seen previously, a patent application is basically composed of three main
parts: description, claims and figures (if any). For description and figures, for
example, the number of pages is a relevant variable. As for patent claims, the
number of pages, number of claims, whether independent or not, etc. Additionally,
bibliographic data present information that also become potentially relevant vari-
ables, such as IPC classification, inventors, filing dates and years, etc. In this con-
text, there are some papers that use specific variables of patent documentation to
determine specifications like: economic value, time effort applied to the technical
evaluation, scope of patent protection, among others.
An economic value approach to European patents using their claims, references,
among others as variables, is described in [17].
Other papers [18, 19] are related to methods for analyzing and assessing the
scope of protection of a patent based on variables related to the patent claim scope.
The first uses the number of pages of the first independent patent claim as a
relevant variable. The second uses two variables: the number of words in the
shortest independent patent claim and the total number of independent claims.
However, none of the papers mentioned address the use of the parameters of the
patent application or data in the examination process to create a method for dis-
tributing the applications to examiners. In [20, 21], studies were carried out with
evidence that, at the United States Patent and Trademark Office –USPTO, after the
application was directed to a large technological area (for example, electricity or
chemistry), its subsequent designation to a specific examiner was nearly random.
On the other hand, [22] found evidence that, at USPTO, applications of the same
applicant, as well as applications with similar abstracts and titles, tend to be dis-
tributed to the same examiner. The authors suggest that, although such methods
seek to follow the principle of efficiency, a balance with the principle of justice
should be pursued as well. On the other hand, they emphasize that a random
distribution favors the principle of justice, but fails to follow the principle of
efficiency, which counts on the expertise of the examiners in certain examination
subclasses.
In view of the foregoing, one has to take into account not only factors contrib-
uting to efficiency, such as distribution of application by subclasses pursuant to the
examiners’ education/interest, but also factors contributing to better balance, i.e.,
variables including the amount of data and the complexity of the patent applica-
tions to be examined. Consequently, justice should not be confused with
randomness.
2.4.2 Workload balancing, voluminosity, and complexity of patent applications
As already seen, the workload in each patent office is one of the indicators
affecting the quality not only of patent examination, but of patent systems as a
whole. It is also worth mentioning that the increased workload of examiners, and
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the consequent decrease in time for examining a patent application, may adversely
affect the quality of patents granted, i.e., it tends to increase the granting of
improper patents. Thus, it is important to seek better workload distribution and
balancing to the examiners, as to reconcile working conditions and results.
Papers [23, 24] show that the volume of patent applications at EPO has been
increasing throughout the years, and they relate the volume of patent application to
an essentially two-dimensional problem, with two predominant variables: total num-
ber of pages of the patent application and number of claims. In this context, the total
number of pages would be related to the level of description of the invention at stake
and the total number of claims to protection scope. The authors also emphasize that
these variables would be correlated, in different proportions, to the number of prior-
ities, inventors, and IPC classifications. As limitations to the study, they mention that
it would be better to evaluate the amount of independent and dependent claims,
although this information is not easily accessible in data sources available.
To assess the hypothesis of technological complexity of a patent application,
another study [25] uses a mathematical model considering the number of inventors,
the number of IPC classes, and the number of references to previous patents. The
authors emphasize that the increased volume of data may be related to both the
technical complexity of the invention/application and a strategy matter, i.e., the
desire to maintain certain know-how rather than actually protect it. It is important
to highlight that, with the results of the model applied, the authors suggest that an
increased number of inventors tend to create more complex inventions, requiring a
greater number of pages and claims so that such inventions are described in details.
2.5 Substantive patent examination: main steps and related variables
2.5.1 Step 1: initial technical analysis
When the examiner receives a new patent application for examination, it is clear
that the first step, which may takes a longer time, is reading the application. In
principle, as the examiner needs to carefully read the entire application and see the
figures, further confirming if the claims are based in the description and if the
matter is sufficiently described so that a third person skilled in the art can execute
it, the relevant variable to be considered in this step is the application’s total number
of pages.
2.5.2 Step 2: prior art search
Upon the Initial Technical Analysis, the examiner should carry a prior art search
aiming at determining the state-of-the-art closer to the matter claimed. For the
searches, the examiner should basically consider the patent claim scope, more
specifically its independent claims. Additionally, if the claims include several spec-
ifications and are quite extensive, an even greater effort shall be employed. Finally,
the greater the number of classifications in the application, the greater the tendency
to address more than one technological area or borderline regions, which can also
cause the search to be even more complex. Thus, the number of independent
claims, the number of pages of the patent claims, and the number of subclasses of
the application may also be variables to be considered in this step.
2.5.3 Step 3: specific technical analysis
Upon searches and determination of the useful prior art for examination, the
third major step is the comparison between the matter claimed and the knowledge
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presented in the state-of-the-art, i.e., analysis of the patentability. This third step is
hereinafter referred to as Specific Technical Analysis. Upon analysis of patentabil-
ity, a detailed examination of the independent claims in the application is manda-
tory. Thus, the first relevant variable in this step will be the number of independent
claims. As in the searches, if the claims are quite extensive and have several techni-
cal specifications, the effort applied will be greater. So the number of claim pages is
also a relevant variable in this step. As in some cases, dependent claims are also
analyzed in details, the possibility of using the number of dependent claims is
considered, and, in this case, the total number of claims could be used as a variable
of interest.
2.6 Selected variables and initial hypotheses
Twelve possible variables were initially identified to be used in this paper:
number of pages of description (Variable 1); number of claim pages (Variable 2);
number of pages of figures (Variable 3); number of third parties observation pages
(Variable 4); number of independent claims (Variable 5); number of dependent
claims (Variable 6); number of IPC subclasses (Variable 7); year of filing (Variable
8); number of inventors (Variable 9); number of priorities (Variable 10); number of
references to the state-of-the-art in the patent document under examination (Var-
iable 11); number of references to the patent document under examination in other
patent documents (Variable 12).
Upon identification of the possible variables of interest, the following additional
criteria were established for selecting study variables:
• moment of availability of the variable - as the main objective is to evaluate the
document for later distribution for examination, only variables accessible from
filing until publication of the patent application will be selected;
• reliability and efficiency - variables failing to provide full reliability in data
obtained, which may require the use of more than one platform/database and/
or which require a very long time to be obtained, which could greatly increase
the complexity of the model or even render its practical application unfeasible,
will not be selected.
It should be noted that most of patent applications filed in INPI only include
references to the state-of-the-art after a first examination, i.e., after the application
has already been distributed, and references to other documents would still require
access to more than one database. In this context, these variables are not deemed to
fully meet the criteria of “moment of availability” and “reliability and efficiency”.
Thus, at first, the variables related to references will be disregarded, hence ten
variables will be used to obtain data samples, which are: number of pages of
description (Variable 1); number of claim pages (Variable 2); number of pages of
figures (Variable 3); number of third parties observation pages (Variable 4); num-
ber of independent claims (Variable 5); number of dependent claims (Variable 6);
number of IPC subclasses (Variable 7); year of filing (Variable 8); number of
inventors (Variable 9); and number of priorities (Variable 10).
Based on the studies carried out with EPO data on voluminosity (volume of
data) of a patent application, it appears that the volume of data that the examiner
needs to deal with during the examination of a patent application is one of the main
constraints on examination effort/time. Additionally, such studies indicate that
voluminosity is a problem related to two patent application variables: total number
of pages and total number of claims. Thus, a first assumption will consider that the
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volume of data of a patent application can be represented by the variables with the
greatest positive correlation with the total number of pages of the application and/
or with the total number of claims. Initial hypothesis 1 is that there are five variables
directly bound to the volume of data: number of pages of description, claim pages,
and pages of figures, in addition to the number of dependent and independent
claims.
On the other hand, although most of the examination effort is bound to the
direct volume of data that the examiner deals with, it is possible to note that there is
still the hypothesis of existence of complementary variables, bound to an indirect
and more subjective complexity, specifically related to the patent application itself,
the applicants’ strategy, or even particularities of the examination process. In this
context, there are some variables suggested in the studies carried out; however,
there is no consensus by the authors or in the studies carried out revealing the exact
influence of each of them, if any. Initial hypothesis 2 is that there is, even if
reduced, indirect influence of the other abovementioned variables.
3. Methodology
The proposed methodology aims at creating a model capable of evaluating the
complexity and volume of patent applications, in addition to a new fair and efficient
manner of distributing patent applications to patent examiners. For this, it is nec-
essary to obtain the application data with its variables of interest, evaluate patent
applications according to the selected variables, create a specific logic for this
distribution, and, finally, evaluate the new proposed logic compared to the original
distribution. Thus, the proposed method can be divided into four main parts, which
complement each other and will be detailed below.
3.1 Evaluation of patent applications as to volume of data and complexity:
initial tests
We obtained data from applications that already went through the first exami-
nation step during two years, in the area of electricity, more precisely from May
2015 to May 2017, month in which the research was initiated. By identifying and
selecting the variables, the proposal was to tabulate data from all patent applications
analyzed, including all relevant variables selected, and identify the patent examiner
who received the application for analysis. These data were defined as the Initial Test
Sample and, based on it, the IPC for the sample patent applications and, conse-
quently, the specific area of expertise (ZAE) of each examiner were then identified.
As this is a problem with multiple variables of interest, we attempted to find a
multivariate analysis method to solve it. The bibliographic review was made to
choose a method that meets the following criteria:
• did not limit the number of variables used;
• was based on a pair correlation analysis of each variable in order to enable a
specific analysis of their relations;
• in case of a high number of variables, allowed for reduction of the size of the
problem, i.e., to reduce the number of variables (n) to other components or
variables (x), with x < n, without significant loss of data or of information
about the problem to be resolved; and
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• was mathematically and statistically robust and scientifically tested in many
different fields of knowledge.
Given the established criteria, the method of principal component analysis
(PCA) was selected as the basic tool for evaluation of patent applications. Such
method allows for determination of such principal components of the specific
problem according to the share of general variance explained by each of the com-
ponents. Following identification of these new components, a General Complexity
Ratio (IGC) is proposed for the patent applications, which is the ratio of the
weighted sum of the most significant components plus their eigenvalues to the sum
of the eigenvalues themselves, which were obtained from the correlation matrix of
the original variables of the problem. Based on these ratios for each of the applica-
tions, these were classified into up to five classes (Very Light, Light, Moderate,
Heavy, and Very Heavy) according to the average and the standard deviation of the
general ratios obtained. It is important to highlight that the eigenvalues and eigen-
vectors were determined both manually and with the assistance of the software
Matlab and of the Matrix Calculator (Available at https://matrixcalc.org/pt/vectors.
html), and the other steps were executed using Excel electronic spreadsheets
(Microsoft Office 2010).
3.2 Evaluation of patent applications as to volume of data and complexity:
validation tests with time
After choosing the method, determining the ratios and the classification of the
applications into classes, the next step is a sensitivity analysis/validation of the
ratios and classification of the patent applications. For this step, an experimental/
empirical research is proposed, aiming to establish a correlation between the ratios
and classifications found and the time/effort to exam the patent applications. First,
the substantive process of patent examination by INPI and the standard examina-
tion report were analyzed in order to identify the main examination steps and
directly or indirectly related variables. Based on these main examination steps, a
form was prepared to survey the time for examination, to be filled up by the
examiners, in which information about the time to execute each step is inserted.
Thus, a list of applications is determined, hereinafter referred to as Standard Sam-
ple, with tabulation of data, including all the variables of interest in addition to the
time for examination. The PCA method will then be applied to this new sample, and
the IGC ratios for each patent application will be calculated, in addition to their
classification into classes. In this context, the correlation between the ratios
obtained and the time for examination will be verified, and the PCA method will be
applied, including several simulations with variations in the sample size and in the
number of variables. This procedure aims at showing the variables with direct
impact on the time for examination and the representativeness of the IGC regarding
these variables, evaluating the minimum necessary sample size, and also testing the
applicability of the PCA method.
3.3 Distribution of patent applications
In this 3rd part of the proposed method, a specific logic for distribution of
applications was built based on the previously obtained classification into the five
classes, and also on the classification of the application according to the IPC. Data
obtained from the patent applications were separated by main IPC subclasses, and
so, the main subclasses examined by each examiner were identified, as well as their
ZAE was determined. This area was obtained considering the subclasses of patent
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applications with occurrences above 5% of the total examinations by each examiner
evaluated based on the largest sample obtained, the Initial Test Sample. Thus, a new
logic of distribution of patent applications is proposed according to the classification
of the general ratios and to the ZAE, considering the following criteria:
• Very heavy and heavy applications shall be equally distributed among the
examiners;
• Very heavy and heavy applications shall be compensated, respectively, with
distribution of very light and light applications;
• The remaining moderate applications shall be distributed;
• In all previous steps, patent applications shall be distributed considering the
ZAE determined for each examiner.
3.4 Evaluation of the new distribution logic
In the fourth and last part of the proposed method, first a new sample of more
recent patent applications was obtained, hereinafter referred to as the Final Redis-
tribution Sample. Patent application data were obtained from the same examiners
in the field of electricity that made up the Initial Test Sample, however, with the
first examinations carried out between May and July 2020. It is important to note
that, after the backlog combat plan was implemented by INPI, the examination
process has somewhat changed for most of the patent applications in the area of
electricity. Hence, obtaining this redistribution sample was necessary to harmonize
the examination process carried out by the examiners evaluated therein with the
process implemented by the examiner, from which the Standard Sample with time
was obtained. This harmonization was made using standard samples with time and
redistribution samples containing the same type of patent applications, in other
words, patent applications that may be examined using data from previous searches
by international offices. It is important to note that this type of application covers
an average of 88% of the total stock of patent applications filed until 2016 in the
field of electricity.
Based on this new sample, we apply the proposed model and logic for distribu-
tion, and then calculate a Distribution Balancing Ratio (IBD) both for the original
distribution and for the new distribution, a ratio that ranges from zero to one, and
considers the differences between the medians of the variables of each examiner’s
samples and the general medians of the division’s variables. Within this context, it
should be noted that the closer the medians of the variables of the examiners’
individual samples are to the general medians of the division’s variables, the larger
the amount of the IDB is and, consequently, the better balanced the distribution is.
The breakdown of the IBD, including explanations and analyses about its formula,
maximum and minimum limits, will be presented in item 4 – Development.
4. Development
4.1 Principal component analysis (PCA)
The principal component analysis is a multivariate statistics technique focused
on explaining the variance–covariance structure of a set of data, and its main
objectives are the reduction of the dimensionality of the problem and the better
10
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interpretation of data [26–28]. Still according to [27], the PCA usually reveals
relations that would not have been previously identified only with an analysis of the
original set of data and variables, enabling a more comprehensive interpretation of
the study phenomenon.
To examine a patent application, several measured variables of each patent
application of the study population should be considered. The proposal of the
principal component analysis method is to apply a transformation to such variables,
so that the new components obtained enable a better breakdown and analysis of the
elements of such population. In [29], it is shown that this new look has great value
when it comes to creating a typology for the population, classifying the elements
according to certain criteria, etc. According to Vicini [30] “In practice, the algo-
rithm is based on the variance-covariance matrix, or on the correlation matrix, from
which the eigenvalues and eigenvectors are extracted” and “finally, writing the
linear combinations, which will be the new variables, referred to as principal com-
ponents”.
It is important to note that the PCA is widely employed, evidencing its efficiency
and robustness in applications in several fields of knowledge, such as agronomy,
zootechnics, medicine, among others [31–34]. Examples of practical applications of the
PCA for evaluation of public services in Brazilian states, assessment of the regional
development of cities in the Brazilian state of Santa Catarina, as well as analysis of
crime statistics in U.S. states can be found, respectively, in the papers [35–37].
The following steps are necessary for determining the principal components:
1.create an original data matrix Xij of size n x p in which the columns (j = 1, 2,
… , p) are the original variables of the problem and the rows (i = 1, 2, … , n) are
individuals in the population (in our case, each patent application);
2.standardize the original variables so all of them have mean equal to zero and
standard deviation equal to one, avoiding the influence of different orders of
magnitude and obtaining a new data matrix Zij;
3.calculate the variance–covariance matrix (S) and the correlation matrix (R)
which, in case of standardized variables, will be equal;
4.find the eigenvalues of the matrices and their corresponding eigenvectors;
5.select the components calculating linear combinations of original variables
with the eigenvectors of the correlation matrix.
Eqs. (1) and (2) below show, respectively, the calculation for standardization of



























Where: Xij is the element of the original data matrix; μp is the average of variable
p, being p = j; and δp is the standard deviation of variable p, being p = j.
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Eqs. (3)-(5) below show, respectively, the calculation of the variances,
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Where: VAR [Zj] is the variance of the standardized variable Zj; COV[Zj; Zj’] is
the covariance of the standardized variables Zj and Zj’; n is the number of individ-
uals; μj and μj’ are, respectively, the average of the standardized variables Zj and Zj’;
and Zjk are the data matrix elements.
Eqs. (6) and (7) below allow for determination of the eigenvalues and eigenvec-
tors of matrix S and, so, matrix V of eigenvectors of S is determined according to
Eq. (8).
S λ:Ij j ¼ 0 (6)
S:V ¼ λ:V (7)






















Where: S is the Variance–Covariance matrix of pxp dimension of standardized
data; λ is one of the p eigenvalues of matrix S; I is the identity matrix of order p; p is
the total number of standardized variables; and V is an eigenvector of S with
dimension px1;
Upon acquisition of the eigenvectors associated with eigenvalues in a descending
order, the principal components (Y1, Y2, … , Yp) for each of the n individuals under
analysis is determined through a linear combination between the standardized
variables and the eigenvalues calculated. Therefore, we can then write the
components of individual n in the form of the following equation:
Y i nð Þ ¼ Zi1:v1i þ Zi2:v2i þ⋯þ Zip:vpi (9)
Where: i ranges from 1 to p; Yi (n) is component i of individual n; Zip are the




It is important to highlight that in the PCA, the contribution of each principal
component (Y1, Y2, … , Yp) is measured in terms of its variance. Thus, it is
possible to calculate that contribution considering the relation between the variance
of the component under analysis and the sum of the variances of all components,
resulting in the proportion (or percentage) of total explained variance to each
of the components. Eq. (10) below shows how to calculate each contribution
Ci (C1, C2, … , Cp).
Ci ¼
VAR Y ið Þ
Pp






Where: Ci is the contribution or total % variance explained by component Yi;
VAR(Yi) is the variance of principal component Yi; λi is one of p eigenvalues of
matrix S; p is the total number of standardized variables.
It should be noted that further details about the PCA formal mathematical
statements and its properties, as well as about all linear algebra used, may be
consulted throughout the already mentioned works [26–37].
4.2 Selection criteria for principal components
Kaiser’s [38] is the most used criterion to date. According to such criterion, only
components associated with eigenvalues with ranges wider than the unit are con-
sidered principal components, i.e.: λi > 1. However, some practical cases show that
only this selection criterion may not properly represent the majority of the total
data variance.
A second option is to perform a graphic analysis and verify greater differences
among the consecutive eigenvalues. The Cattel [39] criterion, for example, suggests
a graphic representation of the range of eigenvalues based on the number of eigen-
values, arranged in an ascending order. The number of components would be
selected based on the breaking point of the graph. This breaking point occurs when
there is a slump in the range of eigenvalues [40].
A third possible criterion, also quite disseminated, is to use a reference value for
the proportion of variance explained by the principal components. Following this
logic, the principal components whose cumulative percentage of explained variance
exceeds such reference value shall be selected. It is important to highlight that there
is no consensus among researchers about which percentage should be used, and
there are several practical examples. A great part of the applications uses the limit of
70%. In [40], the problem was ranked in levels of acceptance, and amounts
between 62 and 80% were considered reasonable or “partially good”.
Although each criterion has advantages and disadvantages, in this paper a
combination of the three above-described criteria was adopted. As a reference
value for the third criterion, we believe a percentage of explained variance
starting at 60% is a suitable amount for selecting the most representative principal
components.
4.3 General complexity ratio (IGC)
Hongyu et al. [31] also states that “In order to establish a ratio that enables us to
order a set of n objects, according to a criterion defined by a set of m suitable
variables, it is necessary to choose the weights of the variables so that they translate
information contained in them,” provided that, to create a ratio as a linear combi-
nation of variables, “it is desirable that this ratio includes the maximum possible
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information of the set of variables selected for study”. According to Sandanielo [41]
(apudHONGYU, 2015), “a method that creates linear combinations with maximum
variance is the principal component analysis”.
In this context, this paper intends to, in a first evaluation, use a ratio in one
dimension based on the most significant principal components (carefully selected
using the selection criteria addressed in item 4.2), weighted by their corresponding
eigenvalues. Hence, a General Complexity Ratio (IGC) is defined for the patent







Where: Yi are the principal components calculated, λi are the eigenvalues calcu-
lated, k is the number of principal components selected and n is the patent applica-
tion evaluated.
4.4 Classification of the patent applications into classes
To group data according to the IGC ratio calculated, the first step was to stan-
dardize the original values using Eq. (1) and, therefore, the standard deviation of
the IGC sample will always be equal to one. Based on IGC data for all patent
applications under examination, classification ranges were then defined as shown in
Figure 1.
4.5 Mathematical model: diagram and evaluation
After calculating the IGC ratio and classifying the applications, the complete
model for evaluating patent applications is created. A diagram of the model is
presented in Figure 2.
Figure 1.
Classification of the patent applications into classes.
Figure 2.
Diagram of the model.
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Thus, the next step is to enable its evaluation through a sensitivity analysis and
through the correlations with time for examination/analysis of the application. This
evaluation will happen through preparation of a form regarding the time for exam-
ination in order to obtain a new Standard Sample of patent applications with time,
in addition to several simulations considering different numbers of variables and
sample sizes. Figure 3 shows the template form developed.
4.6 Iterative logic for individual distribution of applications
After classifying all applications to be distributed during the selected period, an
iterative sequence of steps for their distribution is then proposed, seeking to prior-
itize the choice of applications based, whenever possible, on the IGC classification
of each application being distributed, in addition to the ZAE of each examiner.
1.Verify the Main IPC Subclass in which the Current Application falls:
i. If the Current Application pertains to the Current Examiner’s ZAE, then
select the Current Application and proceed to Step 2;
ii. If there is no application pertaining to the Current Examiner’s ZAE, look for
the next application in line that does not pertain to any other Examiner’s
ZAE and, only after that, proceed to Step 2.
2.Check the Current Application Classification (Very Light, Light, Moderate,
Heavy, or Very Heavy):
i. If an Application with the same Classification has not yet been distributed to
the Current Examiner, then distribute the Current Application and proceed
to Step 3;
ii. Otherwise, search for the next available Application and return to Step 1.
3.Repeat Steps 1 and 2 until an Application with each Classification is distributed
to the Current Examiner.
4.Go to the next Examiner on the list and perform Steps 1 to 3.
5.Repeat Steps 1 to 4 until there are enough Applications in each of the
Classifications:
Figure 3.
Time for examination form.
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i. If there are no more applications with any of the Classifications, repeat Steps
1 through 5 for the remaining Classifications until there are no more
Applications available for distribution.
4.7 Final redistribution sample and calculation of the distribution balancing
ratio (IBD)
In order to evaluate the distribution of the patent applications, a new data
sample was obtained, referred to as Final Redistribution Sample. As the Standard
Sample (with time) used to validate the model was obtained using examination data
that, on their turn, were also based on international searches, this new redistribu-
tion sample was necessary to harmonize the examination process carried out by the
examiners evaluated therein with the process implemented by the examiner, from
which the Standard Sample with time was obtained. Based on this new sample, the
proposed model and distribution logic are applied, and a Distribution Balancing
Ratio (IBD) is then calculated, both for the original distribution and the new one,




























Where: medij is the median of variable j of patent applications distributed to
examiner i; and Medj is the median of variable j for all applications in the final
redistribution sample.
In a first analysis of the IBD equation, it can be verified that the ratio seeks to
capture and measure the influence of the differences between the medians of the
variables of each examiner’s samples and the general medians of the division’s vari-
ables (complete sample). It is important to note that all medians of the variables
composing the IBD are normalized (divided) by the general values of the respective
medians of the complete sample. With that, we seek to avoid further distortions
caused by different orders of magnitude of certain variables.
Additionally, as the several medians calculated can be higher or lower than the
respective median of the division, the differences in these values can be positive or
negative. Hence, as we wish to obtain an accumulated measurement of all differ-
ences in medians with no loss of information and without having a negative devia-
tion in a certain variable compensating a positive deviation in another, we choose to
square the differences and then add and extract the square root.
More specifically, when the numerator and the denominator of the IBD equation
are analyzed, it can be noticed that both have the same first term, which is the sum
of the squares of the normalized medians of all variables of interest from the
examiners’ samples. However, the denominator has a second additional term
presenting the sum of the squares of the normalized differences between the
medians of each examiner’s individual samples and the medians of the
corresponding variables from the complete sample.
It is important to highlight that, in an ideal distribution, the medians of the
variables from all examiners’ samples would be equal to the medians of the general
variables of the division, i.e., the sum of the squares of the differences of the
medians (second term of the IBD denominator) would be zero and, consequently,
the IBD would be equal 1. On the other hand, a random distribution in which the
examiners’ samples have great differences in median values, when compared to the
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general division medians, would lead to very high denominator values, thus greatly
reducing the IBD and, ultimately, making it tend to zero. Thereafter, we have that,
the closer the medians of the variables from the examiners’ individual samples are
to the general medians of the division’s variables, the greater and closer to 1 the IBD
value will be and, consequently, better balanced the distribution will be.
5. Results
5.1 Determination of the examiners’ ZAE and initial tests
Data were obtained from a total of eleven (11) Examiners from the Electricity
Division, to be fully analyzed. For each patent application of such examiners with at
least one examination already carried out, all variables of interest were obtained,
totaling eight hundred and fourteen (814) patent applications to be evaluated and
making up the initial test sample. Data from the Initial Test Sample were standard-
ized according to Eq. (1). Figure 4 shows the structure of data from the initial test
sample with standardized data.
In the initial test sample, a total number of 95 main subclasses was found over all
814 patent applications analyzed. However, when considering only the examiners’
ZAE (subclasses including 5% or more applications for each examiner), 25 main
subclasses were responsible for 636 applications, i.e., about 80% of the total evalu-
ated. It is important to highlight that, given that 3 of such 25 subclasses had very low
occurrences, 22 subclasses were used in the set of interest for evaluation, equivalent
to 619 applications (76% of total). Figure 5 shows each one of the 11 examiners’
areas of expertise by IPC subclasses. Note that the gray area corresponds to the
examiners’ Specific Areas of Expertise (ZAE), while the white area corresponds to
Figure 4.
Structure of the initial test sample with standardized data.
Figure 5.
Examiners’ areas of expertise by IPC subclass.
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subclasses that, despite not being part of the examiner’s ZAE, are part of the ZAE of
some of the other examiners evaluated.
Figures 6 and 7 show the results obtained in the PCA.
By analyzing Figure 6, when using only the criterion considering eigenvalues
higher than one, only the first four (4) components would be selected. However,
these would be responsible for about 65% of total variance. It can also be verified
that the range sharply drops when we get to the eigenvalue of component 6 (0.73).
Additionally, the first five components explain a total variance of 75.05%. Hence,
these first five components were selected for the next steps.
In Figure 7, the significant factors to each variable (very close to or above 0.4)
were hatched in gray. In a first analysis, it can be noticed that component Y1 is quite
detached from the others. In addition to explaining virtually 30% of all variance, the
component is associated with variables directly related to the volume of data (pages
of description, of claims, and of figures, in addition to the number of independent
and dependent claims). Such fact is consistent with the initial hypothesis 1, related
to the volume variables. As for components Y2 and Y3, although they may be
slightly related to the volume of data, they basically represent the influences of
variables, year of filing, number of inventors, and priorities. These components
appear to be associated with development strategies, management of the applicants,







complement the others by being associated with the variables, number of sub-
classes, and pages of third party observations. Such components appear to represent
specific influences of the technological area of the patent applications. This result is
consistent with the initial hypothesis 2, related to the variables with complementary
or indirect influences.
By applying the proposed redistribution logic, a new configuration of samples by
examiner was obtained. Figure 8 shows a comparison between the percentage of
applications distributed to each examiner within their ZAE.
By analyzing Figure 8, it is possible to note that, for ten out of the eleven
examiners, there was a significant increase in the number of applications distrib-
uted to them and pertaining to their own ZAE. Only examiner 9 had a small
decrease (that could even be corrected with a fine adjustment), due to the fact that
his data sample was significantly larger than that of the others. Thus, this new
configuration seems to contribute to examiners to work within their specific fields
of expertise and knowledge.
Finally, the IBD ratios of the original sample distribution and its redistribution
were calculated. Through Eq. (12), an IBD equal to 0.86 for the original case and an
IBD equal to 0.88 for the redistribution were obtained, i.e., there was an increase in
the IBD with the new distribution, evidencing that the medians of the examiners’
applications after redistribution are closer to the general division’s median. Such
fact corroborates the fact that with the new distribution, we have a tendency
towards greater balance regarding volume of data/complexity of applications dis-
tributed to the examiners.
5.2 Model validation: simulations using standard sample with time
Similarly to the procedure carried out for the initial test sample, data of patent
applications of the technological area regarding electrical engineering were
obtained. However, as, in this case, we intend to obtain a standard sample with time
to serve as a reference, all data were obtained from the time for examination form
filled by a single examiner. For each patent application of such examiner, all vari-
ables of interest were obtained, for a total amount of fifty (50) patent applications,
with all first actions already published. Data were collected between January and
July 2020, with all sample applications using data from previous searches by inter-
national offices.
We note that from the ten possible variables to be analyzed, the only one that
was not considered in this case was the number of pages of third parties observa-
tions, given that there is no application with such document available in the sample.
For the sensitivity analysis of the model, dozens of simulations were performed
considering all cases: from the most complete one, with nine variables, to the
simplest ones, with three variables. For all cases, simulations for each ten sample
applications were performed, i.e., for each set of cases with three to nine variables,
tests were performed considering 10, 20, 30, 40, and 50 patent applications of the
standard sample. A minimum of ten test applications was chosen, as it is
recommended that the sample should have a population at least larger than the
Figure 8.
Percentage of applications within the ZAE before and after the new distribution.
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number of variables in order to apply the PCA method, provided that the larger the
sample, in theory, the best for the model.
When executing the simulations, the correlations of all variables and of the IGC
ratios with time were verified, and the IGC was calculated both using the criterion
of 70% of the variance, being referred to as IGC70%, and using the criterion of
eigenvalues higher than one, being referred to as IGC?>1. It is important to note
that, when IGC70% and IGC?>1 are equal, we will refer to it simply as IGC. Finally,
an IGC related only to the principal component (Y1) of the cases, the most signifi-
cant component in terms of variance, being referred to as IGCY1, was also calcu-
lated.
After executing all the simulations, and having a gamut of results for dozens of
cases, the cases of more relevance and interest in terms of analyzed variables and
their correlations with time were selected. Namely:
• Case 1– Case 9 Var, complete with the nine variables;
• Case 2 – Case 5 Var, including only the five variables of direct volume;
• Case 3 – Case 4 Var, similar to case 2, but excluding the variable “number of
pages of figures” (given that this variable presented lower scores in the PCA
and the lowest individual correlation with time among the five of volume);
• Case 4 – Case 3 Var, similar to case 3, but aggregating the amount of dependent
and independent claims in only one variable (i.e., considering pages of
description, claim pages, and total claims); and
• Case 5 – Case 3 Var (2), similar to case 4, but replacing the pages of description
with the total of pages. Hence, the following variables were considered: total
number of pages, claim pages and total claims.
Figures 9 and 10 show the results of eigenvalues and cumulative variances for
all the five described Cases.
By analyzing Figures 9 and 10, it is possible to note that:
• Case 9 Var: simulations using 10 and 20 applications deviate from the others,
and the cases using 30 to 50 applications are almost coincident, i.e., the
Figure 9.
Eigenvalues of cases 1 to 5.
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eigenvalues of the components only tend to be stable starting in the sample
with 30 applications. The same phenomenon can be observed by analyzing the
cumulative variances of the samples. These results evidence that, for cases with
nine variables that are intended to be executed, a sample of at least 30 patent
applications, preferably 50 applications, is recommended to obtain better
performance of the PCA method;
• Case 5 Var: only the simulation using a sample of 10 applications quite deviates
from the others; the case using 20 applications shows a slight deviation; and
cases using 30 to 50 applications are almost coincident, i.e., the eigenvalues of
the components already tend to be stable starting in the sample with 20
applications. The same phenomenon can be observed by analyzing the
cumulative variances of the samples. These results evidence that, for cases with
five variables that are intended to be executed, a sample of at least 20 patent
applications, preferably 30 applications, is recommended to obtain better
performance of the PCA method;
• Case 4 Var: simulations using 10 and 20 applications slightly deviate from the
others, and the cases using 30 to 50 applications are coincident, i.e., the
eigenvalues of the components already tend to be quite stable starting in the
sample with 10 applications, and very stable starting in 30 applications. The
same phenomenon can be observed by analyzing the cumulative variances of the
samples. These results evidence that, for cases with four variables that are
intended to be executed, a sample of at least 10 patent applications, preferably 20
applications, is recommended to obtain better performance of the PCA method.
• Case 3 Var and Case 3 Var(2): all simulations, from samples of 10 to 50
applications, are virtually coincident, i.e., the eigenvalues of the components
have excellent stability. The same phenomenon can be observed by analyzing
the cumulative variances of the samples. These results evidence that, for cases
with three variables that are intended to be executed, a sample of at least 10
patent applications, preferably 20 applications, is recommended to obtain
better performance of the PCA method.
Figures 11 and 12 show the results of correlations of the IGC with time.
Figure 10.
Cumulative variances of cases 1 to 5.
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The analysis of Figures 11 and 12 indicates that:
• Case 9 Var: based on a sample with a total of 30 patent applications, there is a
slight advantage of correlation with time for IGCY1, and both are very close to
the value of 0.8;
• Case 5 Var: except for the sample with 20 applications, the larger the sample,
the greater the correlation of the IGC with time. On the other hand, upon
analysis of the IGCY1, that is, considering only the most significant principal
component, basically related to the main direct volume variables, the
correlation with time increases significantly, reaching even larger values
(0.86). It is also worth to highlight that the correlation of the IGCY1 with time
increases a lot when the sample have 20 applications instead of 10; from then
on, it seems to stabilize, oscillating around 0.85. This result proves to be
consistent with the profile of the eigenvalues and cumulative variances
analyzed, reinforcing the need for a sample with a least 20 applications.
Finally, a very similar profile is noted in the three curves. Once again, the
IGCY1 has better results upon analysis of the correlation with time;
• Case 4 Var: the profile of the three curves is quite similar, and, based on the
sample with 30 applications, the correlation with time of all ratios gets close to
Figure 11.
Correlation of the IGC with the time for examination – cases 1 to 5.
Figure 12.
Correlation of the IGC with the time for examination – cases 1 to 5 – By samples.
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0.80 and oscillates around that. It is also worth to highlight that both IGC
curves show a good correlation with time even based on a sample with only 10
applications, a result that proves to be consistent with the profile of the
eigenvalues and cumulative variances analyzed. Finally, it can be noticed that,
although the correlation values of the three curves are close to each other, once
again, the IGCY1 (in this case also equal to the IGC ?>1) has an advantage over
the others;
• Case 3 Var: the profile of both curves is quite similar, and, based on the sample
with 20 applications, the correlation with time of all ratios gets close to 0.80
and oscillates around that. It is also worth to highlight that both curves already
show a reasonable correlation with time even based on a sample with only 10
applications, a result that proves to be consistent with the profile of the
eigenvalues and cumulative variances analyzed. Finally, it can be noticed that,
although the correlation values of both curves are close to each other, once
again, the IGC (in this case IGC = IGC70% = IGC?>1 = IGCY1) has an advantage.
• Case 3 Var (2): based on the sample with 20 applications, the correlation of the
IGC with time is always above 0.84. It is also worth to highlight that both
curves already show a reasonable correlation with time even based on a sample
with only 10 applications, a result that proves to be consistent with the profile
of the eigenvalues and cumulative variances. Finally, it can be noticed that this
is the case in which the IGC (once again, IGC = IGC70% = IGC?>1 = IGCY1) has
the higher values of correlation with time, so it has an advantage regarding all
variables individually. In addition to having a high correlation with time, this is
the most indicated case for practical application, because, besides having only
three variables and principal components with great stability, it does not
require a division of the claims into independent and dependent, which greatly
facilitates the data collection.
The analysis of Figures 11 and 12 also indicates that the profile of the curves is
quite similar, with an increasing trend for the correlation of the IGC with time in
the beginning of all of them, i.e., when the number of variables decreases from nine
to five, and, from five to three variables, the curves stabilize. These results reflect
the previous analyses that showed that, when only the direct volume variables are
selected (with their combinations varying), the trend was for obtaining higher and
more stable correlations with time. Thus, although all nine variables of the study
may contribute to the complexity of the patent application, in practice, the direct
volume variables already represent well the examination effort/time.
It should also be noted that the correlations of the IGCY1 with time remained
high and almost constant for any of the cases analyzed with samples with twenty
applications or more, showing a quite stable behavior regardless of the sample size.
Consequently, for the problem in particular, the results converge showing that the
IGCY1 ratio seems more suitable to represent the examination effort/time. The
results obtained suggest that Case 3 Var (2) is the one with the best cost–benefit
relation for the performance of even more specific practical tests, whether because
it captures the influences of the main variables of direct volume data, because it is
simpler regarding obtaining and collecting data (as it does not require a division of
the claims into independent and dependent), or because it has higher correlations of
the IGC with time.
Figure 13 shows the classifications of the Sample applications by time and by the
IGCY1. Table 1 shows the applications in which there was divergence in the
classification.
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By analyzing Figure 13, it can be verified that, when classified by time for
examination, none of the applications from the sample was considered to be neither
very light nor very heavy. Most applications were classified as moderate (36 or
72%), then light (8 or 16%), followed by heavy (6 or 12%). This result proves to be
consistent with data obtained, as the standard sample is fairly homogeneous, shows
applications of the same type of examination (using data from previous searches),
and the time variable presented a moderate coefficient of variation (16.58%). Sim-
ilarly to the classification by time, when classified by the IGCY1, none of the patent
applications from the sample was considered to be neither very light nor very
heavy. Most applications were classified as moderate (33 or 66%), then heavy (9 or
18%), followed by light (8 or 16%).
By analyzing Table 1, it can be verified that there was a total of seven patent
applications with conflicting classifications by time and IGCY1. Therefore, this
result shows that the classification of 43 of the 50 applications (86% of the total)
Figure 13.
Classification of applications of the standard sample (with time).











3 2 34 5 Light Moderate
8 5 50 15 Moderate Heavy
10 2 13 3 Moderate Light
11 6 37 19 Moderate Heavy
20 5 34 16 Moderate Heavy
26 4 36 15 Moderate Heavy
30 4 56 8 Heavy Moderate
Table 1.
Applications with divergent classifications.
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converged, in other words, it shows great similarity. It is important to note that the
correlation of the IGCY1 with time for the case under analysis was 0.85, i.e., the
classification criterion proved to be efficient, managing to keep up with the capture
tendency of this relation of the ratio with the time. More specifically to the differ-
ences found, there were four new classifications according to the IGCY1 as heavy
(applications 8, 11, 20, and 26). Such applications have higher than average number
of claim pages, total number of pages, and total number of claims, showing a profile
similar to the other five heavy applications with similar classifications and, so, its
classification as heavy according to the IGCY1 is warranted. On the other hand, it
can be noticed that applications 20 and 26 showed IGC values close to one, i.e., to
the classification limit between the moderate and heavy ranges. Consequently,
there are two factors that may possibly explain this phenomenon: i) errors inherent
in the mathematical model, which, although in small amounts, tend to occur
depending on the variables, samples, and criteria adopted; and ii) measurement
errors or deviations in time, which could move a classification close to the limit of
the ranges.
Regarding application 10, classified as light according to the IGCY1 and as mod-
erate according to time, it is possible to note it is indeed a quite short application
that, at first, would actually tend to be classified as light. Specifically in this case, the
standardized time was very near to minus one (standardized time =  0.91), i.e.,
quite near to the limit between moderate and light classes. Unlike the conflicting
heavy cases (in which deviations probably occurred for reasons inherent in the
model), in this case the tendency is that time measurement deviations may have
caused the discrepancy.
In the case of application 3, classified as moderate according to the IGCY1 and as
light according to time, we notice that it is an application with few claims and few
claim pages, but with a quite high count of total pages. Depending on the specific
examination procedure and the need to better understand the description and the
figures, time may lead to a moderate or light classification. Hence, it is a type of
application difficult to classify a priori and, in this case, the model was more
conservative, classifying it as moderate.
Finally, application number thirty, classified as moderate according to the IGCY1
and heavy according to time, showed a IGCY1 virtually equal to one (IGCY1 = 0.995),
reaching the exact limit between the moderate and heavy classification ranges. It
ends up being a case similar to the discrepancies of the heavy applications, due to
issues inherent in the mathematical model.
In short, it can be verified that the model manages to represent quite satisfactorily
the examination time/effort, and for cases in the threshold of the criteria adopted, few
discrepancies occur, and, in these cases, the discrepancies occur only in the adjacent
ranges. In other words, any discrepancies that occur are occasional, not rough, and
reasonable given the limitations inherent in this kind of model and research.
5.3 Analysis of the redistribution logic: simulations with the final redistribution
sample
Ten patent applications of ten examiners under analysis were selected to
compose the final redistribution sample, amounting to one hundred (100) patent
applications to be examined. The steps of the proposed methodology were strictly
followed, but, due to the fact that the purpose of this case was to obtain a sample to
apply the model validated with the standard sample with time (our reference), all
variables of interest were obtained of first examinations already published, col-
lected between May and July 2020, and all sample applications are also using data
from previous searches by international offices (in the context of the “backlog
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combat plan”, i.e., without executing specific prior art search). The case chosen for
the redistribution simulation was Case 5 – Case 3 Var (2), given that this case
obtained the best results in the validation tests with the standard sample with time.
Figure 14 shows the classifications of the redistribution sample applications.
None of the sample patent applications were classified as very light. Most appli-
cations were classified as moderate (71%), followed by light (16%), heavy (11%),
and, finally, very heavy, which were only two (2%). It should be noted that the data
on the IGCY1 showed normal statistical distribution, similarly to the time and the
IGCY1 of the standard sample.
Figure 15 indicates that with the redistribution there was a better balance in the
concentration of applications within the ZAE of each examiner. We note that in the
case of six out of the ten examiners, there was an increased number of applications
distributed to them and pertaining to their own ZAE, with an emphasis on exam-
iners 5, 6, 9 and 10, with significant increases. Only examiner 8 remained with a
poor concentration (10%) of applications within his ZAE, which may be explained
by the fact that this examiner is a more “versatile” examiner of the division, and
does not have such a well defined ZAE. Thus, the results suggest that this new
configuration contributes for the examiners to work within their specific fields of
expertise and knowledge.
To complement the cycle of the methodology and make a last comparison
between the distributions, the IBD ratios of the original sample distribution and of
its redistribution were calculated. Eq. (12) resulted in an IBD equal to 0.83 for the
original case and an IBD equal to 0.9 for the redistribution, i.e., there was an
increased IBD with the new distribution, showing that the medians of the applica-
tions of the examiners after redistribution get closer to the general median of the
division. This corroborates the fact that the new distribution results in a trend for
better balance regarding the volume of data and time/effort of the applications
distributed to the examiners.
6. Final considerations
In this study, ten possible variables were identified, relevant to the evaluation
and distribution of the patent applications to the examiners. Among these variables,
Figure 14.
classifications of the Redistribution sample applications.
Figure 15.
Percentage of applications within the ZAE before and after the new distribution.
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the ones directly related to the voluminosity of a patent document, i.e., the volume
of data that the examiner has to deal with when examining patents, were identified,
namely: the number of pages of description, the number of claim pages, the number
of pages of figures, the number of independent claims and the number of depen-
dent claims.
With the application of the PCA in a first data sample, referred to as Initial Test
Sample, it was verified that the components were consistent with the initial
hypotheses. Based on this initial sample, containing a large number of applications
examined over two years, the examiners’ Specific Areas of Expertise (ZAE) were
determined, that is, the IPC subclasses (technological areas) they examine the most
according to their knowledge and work experience. These ZAE are highly relevant,
as these subclasses are one of the criteria used to distribute patent applications to
the examiners, and their comparison before and after any redistribution is
important.
The patent applications were also classified in up to five classes: very light, light,
moderate, heavy, and very heavy, and the classification had as a reference the IGC
values, considering ranges equivalent to the average ratio plus one, three or more
standard deviations. Then the applications were redistributed with emphasis on the
examiners’ ZAE and on the classifications. The results show that the medians of the
examiners’ applications approached the general medians of the division, suggesting
that the new distribution is more balanced in volume of data than the original one.
Moreover, with the new distribution, the examiners had the majority of their
applications allocated within their respective ZAE, i.e., they would examine more
applications in their specific areas of knowledge and preference, also suggesting
that the new distribution contributes to better efficiency, quality, and motivation.
Additionally, the results obtained suggest that, although the five variables
directly related to volume of data tend to be the ones that mostly impact the
examination process, all ten variables selected, to some extent, influence the analy-
sis of complexity of patent applications.
On the other hand, as complexity is something relative, to investigate if this
complexity indeed captures the examination time/effort, a sensitivity analysis of the
model developed was performed in order to verify the correlations of variables and
IGC with time. In order to do so, it was then necessary to obtain a new sample of
patent applications, referred to as Standard Sample, now with the additional collec-
tion of the examination time variable. In this context, simulations considering
different variables and standard sample sizes were performed, with application of
the PCA method and the model developed, including calculation of the IGC with
different criteria and their correlations with time. The results obtained suggest that,
for our specific problem, the IGC with greater efficiency and stability was IGCY1,
i.e., using only the first principal component, the one which is most representative
as to total data variance.
It is also worth noting that the case including only three variables (number of
claim pages, total number of pages, and total number of claims) is the one
recommended to perform even more specific practical tests, whether because it
captures the influences of the main variables of direct volume of data, given the
simplicity for data acquisition and collection (as it does not require separation of
independent claims from the dependent ones), or because it has consistently higher
correlations of the IGCY1 with time, always close to 0.85.
Based on this new sample with the collection of the time for examination, the
patent applications were once again classified into the five classes defined (very
light, light, moderate, heavy and very heavy). Such classifications were carried out
twice, the first time using the time for examination variable as a reference, i.e., the
standard reference classification, and the second time using the IGCY1 ratio, i.e., the
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classification suggested by the model. Upon comparison between these classifica-
tions according to time and the classifications of the model, the results showed a
strong similarity, as the model correctly classified 43 out of the 50 patent
applications analyzed, a total of 86%.
After testing the mathematical model and the criteria for classification with the
correlations with time, the following step was to perform a first practical complete
redistribution test. In order to do so, it was necessary to collect a third and final
sample, referred to as Final Redistribution Sample, with 100 patent applications,
being 10 applications of 10 different examiners, all using data from previous
searches by international offices, so that the profile of this new sample was similar
to the profile of the standard sample, as our reference had already been tested.
Based on this new sample, we determined the main central tendency statistics of the
samples by examiner and calculated the Distribution Balancing Ratios (IBD) both
for the original distribution and for the sample redistributed according to the IGCY1.
The results obtained with the new redistribution showed that there was a better
balance in the examination concentration within the ZAE of each examiner, and in
the samples of six out of the ten examiners analyzed, there was an increased
number of applications distributed to them and pertaining to their own ZAE. Thus,
there is evidence that this new configuration contributes for the examiners to work
within their specific fields of expertise and knowledge and, consequently, to their
efficiency and motivation. It should also be noted that the new redistribution
produced a positive effect on the medians of the examiners’ samples, which was
mathematically quantified by calculating the IBD, which, in the original distribu-
tion, had a value of 0.83 and, after redistribution, increased to 0.90.
In short, our results suggest that the mathematical model is able to represent
quite satisfactorily the examination time/effort for patent applications. Also, the
logic proposed managed to achieve the goal of better balancing the examiners’
workload distribution.
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